Carbonate reservoir rocks exhibit a great variability in texture that directly impacts petrophysical parameters. Many exhibit bi-and multimodal pore networks, with pores ranging from less than 1 mm to several millimeters in diameter. Furthermore, many pore systems are too large to be captured by routine core analysis, and well logs average total porosity over different volumes. Consequently, prediction of carbonate properties from seismic data and log interpretation is still a challenge. In particular, amplitude versus offset classification systems developed for clastic rocks, which are dominated by connected, intergranular, unimodal pore networks, are not applicable to carbonate rocks.
INTRODUCTION
A large fraction of the world's hydrocarbons is reservoired in carbonate rocks, including the supergiant fields in the Middle East and the recent discoveries of the presalt region, offshore Brazil. Carbonate rocks are highly prone to postdepositional alteration, such as dissolution and cementation, and these processes modify the pore structure, creating or destroying porosity and changing permeability and acoustic properties (Rafavich et al., 1984; Anselmetti et al., 1998; Eberli et al., 2003; Weger et al., 2009; Hollis et al., 2010; Castro and Rocha, 2013) . Eberli et al. (2003) showed that total porosity and pore type have nearly the same impact on the acoustic behavior of carbonate rocks and that the most used velocity-porosity empirical relations-for example, Gardner (Raymer et al., 1980) and Wyllie (Wyllie et al., 1958 )-do not predict velocity with a high coefficient of determination (R 2 ). A clear understanding of the relationship between sonic velocity and porosity is therefore fundamental to the prediction of pore volume from acoustic data. Importantly, the most widely used algorithms for seismic inversion and log interpretation do not consider pore-shape factors, and, consequently, they can significantly over-or underestimate hydrocarbon volumes. Weger et al. (2009) introduced the digital image analysis (DIA) method to improve the prediction of velocity and permeability. The study used two-dimensional (2-D) images from thin section, and a good improvement in velocity prediction was observed, with the R 2 increasing from 0.542 to 0.845. Permeability estimation was also greatly improved, although the highest R 2 value showed a weak relationship (R 2 < 0.5) between the DIA parameters, permeability and porosity.
Carbonate rocks usually present a wide range of permeability for the same porosity value because of a marked variability in the connectivity of pores, both with respect to average coordination number (the number of neighboring pores) and pore-throat diameter (Lucia, 2007; Ahr, 2008; Hollis et al., 2010; Jivkov et al., 2013) . Raoof and Hassanizadeh (2012) showed the importance of including the coordination number to estimate the permeability. Later, Jivkov et al. (2013) demonstrated that the coordination number is a more important control parameter on permeability than total porosity. However, the pore geometry, pore-throat radius, and coordination number cannot be reliably quantified using thin-section images, because three-dimensional (3-D) information cannot be in material science at The University of Manchester, United Kingdom. His research interests are in x-ray tomography application to study in situ deformation and damage of granular materials due to high strains-rate loadings.
assessed. Furthermore, although conventional measurements of capillary pressure can be used to determine pore-throat diameter, they do not provide spatial information on the distribution of those pore throats nor the coordination number. However, 3-D images from x-ray tomography can be used to determine these parameters and also to visualize the pore and matrix structures. In this study, we show how information regarding pore space, obtained by x-ray tomography, can improve the prediction of acoustic properties and absolute permeability for a suite of Albian carbonate rocks from two neighboring offshore wells from the postsalt region of Campos Basin, Brazil. We extract the pore shape, size, and volume; tortuosity (t); and coordination number from 3-D images of the pore space and incorporate this information into established models, such as Kozeny (1927) for permeability estimation and Kuster and Toksöz (1974a, b) for velocity prediction.
RESERVOIR GEOLOGY
The Campos Basin (Figure 1 ) is the major petroleum basin in Brazil. It is located in the southeastern part of the country and hosts more than 50 oilfields, which produced almost 1.8 million bbl/day of oil and natural gas in 2013 (Agência Nacional do Petróleo, 2014). These oilfields are located 50 to 140 km (31.1-87.0 mi) offshore of Brazil, and the water depth ranges from 80 to 2400 m (0.05-1.5 mi).
Key reservoirs are Cretaceous (Barremian, early Albian, and late Albian) to early Miocene in age. For this study, a suite of postsalt, Cretaceous (Albian) carbonates from two neighboring wells (W1 and W2) within the Campos Basin were studied. They form reserves in shallow water (<200 m [0.12 mi]) at burial depths of less than 1 km (0.62 mi) and are composed mostly of grainstones and packstones containing oncolites, peloids, oolites, and bioclasts. This study focused on oolitic grainstones and cemented grainstones.
Oncolite and oolite-rich skeletal grainstones and clean packstones comprise the best-quality reservoir facies, with porosity ranging from 20% to 34% and permeability usually greater than 100 and up to 2000 md (Bruhn et al., 2003) . The samples comprise more than 95% calcium carbonate with minor (<2%) detrital quartz, dolomite, and rare feldspar.
Typically, oncolitic and oolitic peloidal grainstones are moderately to poorly sorted (see Figures 2 and 3 for supporting  images and Table 1 for thin-section description). Skeletal and nonskeletal allochems are highly micritized and exhibit a thin, discontinuous, grain-rimming cement. Macroporosity (f CT ) is dominated by primary interparticle macropores, supplemented by secondary intraparticle macropores, biomolds, and vugs. Mechanical compaction is usually moderate, with common point contacts, and 
E D I T O R ' S NOTE
Color versions of Figures 1-13 can be seen in the online version of this paper.
often elongated grain contacts, although dissolution is rare and stylolites are absent.
Cemented grainstones comprise fine-grained peloidal foraminiferal grainstones and clean packstones, with coarse-grained oncoliths and skeletal allochems (bivalves and gastropods) in places. In these samples, the primary interparticle f CT is occluded by very finely crystalline sparry calcite and syntaxial overgrowths on echinoderm debris. The f CT is restricted to rare, small biomolds. One sample (W2-03) is a muddy packstone, which comprises significantly less pore-filling cementation and greater compaction than the other samples.
EXPERIMENTAL METHODS

Petrophysical Measurements
Measurements of total porosity were conducted on 3.8-cm (1.5-in.) plugs using a helium porosimeter and were repeated six times. An average value was determined, and a standard deviation of less than 5% was achieved.
Permeability measurements were conducted on the same samples using a gas permeameter. The gas flow rate (q), outlet pressure (P 0 ), and inlet pressure (P i ) were measured at least 10 times for each sample, and the permeability was determined using Darcy's law for gases:
where k is the permeability; y is the fluid viscosity; L and A are, respectively, the length and the cross sectional area of the sample; and P atm is the atmospheric pressure. Mercury intrusion porosimetry (MIP) measurements were conducted on small pieces of approximately 0.5 cm (~0.2 in.) sample edges, and they were only permitted for two samples (W1-02 and W2-03) to limit the destruction of core material. The MIP provided the range of the pore-throat diameter, which was used to determine the best computerized tomography (CT) scanner to analyze the rocks and for further correlation with pore diameter.
X-Ray Diffraction and Rietveld Method
X-ray diffraction (XRD) analysis and interpretation using the Rietveld method (Rietveld, 1969) was used to quantify the mineralogy of the rocks. This method makes it possible to adjust different XRD patterns; refine parameters related to sample physical characteristics (size and grain microstrain), structural parameters (position and atomic displacement), and instrumental parameters (background radiation, wavelength, slit, etc.); and obtain the best fit between the experimental measurement and the adjusted equation.
A piece of dried rock was disaggregated in an agate mortar and passed through a 60-mm sieve to ensure the best-quality measurement. A fast detector x-ray diffractometer was set up to work at 30 kV and 10 mA; the step angle was 0.02°, and the scanning rate was 0.6 s/step. A 0.6-mm knife edge was used to reduce the effective reflecting area. The quantitative analysis was made with the General Structure Analysis System software for Rietveld analysis (Larson and Von Dreele, 2004) , and the difference between the measured and the adjusted curves was less than 3% for all cases. The mineralogy information was used to characterize the rock and estimate the P-wave velocity (V p ) of the mineral matrix.
Acoustic Property Measurements
Ultrasonic V p measurements were conducted at North Fluminense State University (Macaé, Brazil) on room-dried plugs (3.8 cm [~1.5 in.] in diameter, 5.1 cm [~2 in.] in length) using a hydrostatic pressure vessel set up to work at an effective pressure of 2.5 MPa and a pore pressure of 0.1 MPa (ambient pressure). The experimental error for velocities is approximately 1% (for detailed experimental information, see Lima Neto et al., 2014).
X-Ray-Computed Microtomography
X-ray tomography is a nondestructive method that uses x-rays to produce tomographic images of a scanned sample; this allows the structures inside the sample to be studied without cutting it. The process involves rotation of a sample in an x-ray beamline while the detector collects the projections (radiographs) for each angle. A scintillator positioned between the sample and the detector transforms x-rays into visible light. Thereafter, reconstruction algorithms are used to generate a 3-D image of the sample from the radiographic images.
Cubic samples with 2-mm-long edges were prepared with a wire saw and scanned using two systems: Xradia MicroXCT at The University of Manchester and the high-resolution beamline I13 at Diamond Light Source (Oxford, United Kingdom). For all the samples, the Xradia scanner was set up to work at 90 keV and 111 mA; the magnification was 9.8·, and the pixel size was 1.1 mm. For the I13, the x-ray energy was monochromated to 22 keV, and 1800 projections over a 180°rotation were captured with an exposure time of 6 s each. The pixel size was 1.125 mm. The samples did not exceed the field of view, and the scan time for each sample was approximately 12 hr on the Xradia and approximately 4 hr on the I13. Avizo Fire 8.1, a 3-D visualization software program (FEI, 2015) , and an extension package (XSkeleton) were used for data filtering, segmentation, and analysis.
Local and Global Parameters
From a 3-D image, it is possible to obtain global and local parameters. Global parameters are related to the overall pore-space properties, such as microporosity (f m ), macroporosity (f CT ), specific surface area (SSA), and tortuosity (t), whereas the local parameters are associated with properties of a single pore. These are mostly related to the specific properties of the pore, such as geometry, aspect ratio (AR), and roundness. The following parameters were collected.
• The SSA: the ratio of total pore surface area to total pore volume. Usually, a small number (<200 mm -1
[7.87 in.
-1 ]) indicates a simple geometry. In this study, SSA values range from 164 mm -1 (6.46 in.
-1 ) for oolitic grainstones to 721 mm -1 (23.38 in.
-1
) for cemented grainstones. Abbreviations: CG = cemented grainstone; OG = oolitic grainstone.
• Dominant pore size (DomSize): the upper boundary of the pore radius, of which 50% of the porosity on a 3-D image is composed; it represents the pore radius that dominates the sample. This property is determined by the equivalent spherical diameter of each irregular pore (i.e., the diameter of a sphere of equivalent volume). In this study, DomSize ranges from 9.2 mm for cemented grainstones to 76.7 mm for oolitic grainstones.
• Gamma (g): defined for 2-D images as the ratio of the perimeter to the area (perimeter over area) for a single pore normalized to a circle (Anselmetti et al., 1998) . In this study, we reformulated this parameter for 3-D images. The new g is now defined as the SSA of a single pore normalized to a sphere, as shown in equation 2, where A S is the surface area and V is the pore volume. It describes the sphericity of the pore, and, in our data, the area-weighted mean value of g (considering the entire imaged pore space) ranges from 1.28 to 2.14. A g value close to 1 indicates that the pore is spherical, whereas a larger number indicates that the pore is flattened.
• AR: the ratio of the minor (a) to major (b) lengths of the pore (Figure 4) . The AR for an individual pore ranges from approximately 0.1 to approximately 1 (Figure 5 ), and the average AR of macropores in this study ranges from 0.54 and 0.59, with no significant variation between oolitic and cemented grainstone.
• Microporosity (f m ): the difference between the gas porosity, measured on a core plug (f gas ), and the visible porosity (i.e., f CT ) obtained from the 3-D image of the sample (equation 3). For this estimation, we assume that the imaged pore space of the rock is representative of the whole plug.
• t: the ratio of the length of the path of the fluid inside the rock to the straight distance between its end points (i.e., the length of the sample). It was calculated using the Centroid Path Tortuosity function (as defined in Avizo Fire). This module first computes the centroid of each 2-D image, then computes the path length through the centroids, and then divides the path length by the number of planes multiplied by the resolution along the axis.
• Coordination number: the number of pore throats connected to one pore. The average coordination number, which is used in this study, is defined as the ratio of the total number of pore throats to the number of pores in the sample. In this work, we created and analyzed the centerline tree ( Figure 6A ), which is the skeleton of the pore space, where each segment represents a pore, and nodes represent either the pore throats (junctions) or the pore edge. Because the software does not differentiate pore throats and edges, the highest possible value is 2, which is the isolated pore case (two nodes and one segment). Increasing the number of connections decreases the coordination number, as shown if Figure 6 , where Figure 6B is the isolated pore case; Figure 6C represents two connected pores, with a coordination number of 3/2; and Figure 6D shows three connected pores and a coordination number of 4/3. Although this methodology does not provide coordination-number values commonly reported in literature, which range from 6 to approximately 40 (Matthews and Spearing, 1992; Ioannidis and Chatzis, 1993; Reeves and Celia, 1996; Raoof and Hassanizadeh, 2012; Jivkov et al., 2013) , it does differentiate the connecticity of the pore space, which is sufficient for this study. In this work, the coordination number ranges from 1.36 to 1.99.
Prior to the pore-space analysis, the raw image was preprocessed; the region of interest was cropped, a median filter was applied, and the image was segmented into pores and matrix. This created an image where the grains were represented by rounded elements and the pores were represented by elements without a definite shape ( Figure 7A ). All of the global parameters were extracted from this image, whereas local parameters were obtained from images such as Figure 7B , where the total pore space was separated into individual pores, with each color representing a different pore (in the color version). Figure 7C shows a 3-D rendering of this pore space.
Rock-Physics Model: Determination of Acoustic Properties
Bulk (K) and shear (m) modulus are rock properties related to the rock's rigidity and can be estimated by rock-physics models; this estimation enables P-and S-wave velocity prediction. The Kuster and Toksöz (KT) model, for example, derives expressions for acoustic velocities from the longwavelength scattering theory, and, because it considers isolated pores, this approach simulates very-high-frequency rock behavior, appropriate to ultrasonic laboratory conditions. The equations 4 and 5 show the effective moduli K KT and m KT , where the coefficients Z and Q describe the effect of an arbitrary inclusion (i) in a background medium (m) and are given by equations 6 and 7. The tensors T iijj and T ijij relate the uniform far-field strain to the strain field within the ellipsoidal inclusion (Wu, 1966) and are expressed in terms of the AR of each inclusion. Finally, the summation is over all the N inclusion types with its volume concentration (x i ). For the complete tensor mathematical formulation, see Berryman (1980) and Mavko et al. (2009) .
ð9K + 8mÞ ðK + 2mÞ
The initial model parameters were obtained from the experimental measurements, except for the microporosity AR. Because this geometric property is not uniquely determined, microporosity AR can be considered a convenient free parameter to better fit the observation (Xu and White, 1995; Keys and Xu, 2002; Pratson et al., 2003; Lee, 2008) , as long as the estimated elastic moduli are within the upper and lower Hashin-Shtrikman bounds (Zhang and Stewart, 2008) . Many authors (Sayers, 2008; Li and Zhang, 2010; Wang and Sun, 2010) indicate that microporosity AR ranges from 0.01 to 0.5 and is usually less than 0.2. Typically, a low AR, close to 0.01, is adopted for highpressure situations. However, in this work, because the effective pressure is null (ambient pressure on CT scans) or very low (2.5 MPa on ultrasonic measurements), AR is fixed at 0.1, because a sensitivity test showed that this AR led to the best fit between the estimated (V pKT ) and measured P-wave velocities. Figure 8 shows a crossplot between these two properties.
Kozeny's Equation: Determination of Permeability
The Kozeny equation (equation 8) is one of the most popular and fundamental correlations between permeability and porosity (Kozeny, 1927) . It was derived from a rock model where the pore space was described as n capillary tubes, with the space between these tubes filled with a nonporous material. Later, Mortensen et al. (1998) redefined this equation, introduced the Kozeny factor (c), and expressed the permeability (k) in terms of this parameter, porosity (f), and SSA (S), as shown in equation 9. Variable c ranges from 0.15 to 0.25 as the porosity increases from 5% to 50% (Mortensen et al., 1998) . Figure 9 shows a crossplot between estimated (k K ) and measured permeability. Despite the reasonable adjusted R 2 (0.668), the model has a tendency to overestimate low permeabilities (<100 md) and underestimate high permeabilities (>100 md).
Statistical Model and Multiple Linear Regressions
To try to improve the R 2 , P-wave velocities estimated by KT (V pKT ) and permeability derived from Kozeny's equation (k K ) were combined with global and local geometrical parameters of the pore space by using multiple linear regressions (MLRs). The proposed model is described in equation 10, where P m is the measured property, P e represents the estimated property, X n represents global and local parameters, and b n are coefficients determined by the regression.
This study focused on determining how this statistical model fits to the experimental data by analyzing the adjusted coefficient of determination (R 2 ) estimated by equation 11, where n is the sample size, and p is the total number of variables in the linear model. Unlike the R 2 , R 2 increases when a new independent variable is included only if it improves R 2 more than expected by chance, because it considers the degree of freedom of the data set.
In an MLR, the sample size must be large enough to ensure stable model coefficients. If the sample size is inadequate, the model may not generalize well beyond the current sample (Brooks and Barcikowski, 2012) . To provide minimal shrinkage of the R 2 , many authors state rules to determine the sample size, Figure 6 . (A) Centerline tree (in gray) representing the pore space (in blue) of a rock, created from a binary image. The spherical blue structure in the bottom left corner is a single pore created by shell dissolution; (B) a single isolated pore; (C) two connected pores, with a coordination number of 3/2; and (D) three connected pores with a coordination number of 4/3. Note: A color version can be seen in the online version.
but they are normally inconsistent with each other (Knofczynski and Mundfrom, 2008) . The ratio of sample size to predictors ranges widely, from 30 to 1 (Pedhazur and Schmelkin, 1991) to 10 to 1 (Miller and Kunce, 1973) . This study was developed with only 11 samples, mainly because of the high cost and time required for imaging the samples and processing the data. Clearly, this ratio is below that expected to describe the whole reservoir, and, for this reason, all the results obtained here reflect the behavior of this set of data only. Nevertheless, the workflow presented in this study can be applied to a larger data set. As reported by Brooks and Barcikowski (2012) , a study with an insufficient sample size is likely to commit type I and II statistical errors. A type I error is the incorrect rejection of a true null hypothesis (a "false positive"), and a type II error is the failure to reject a false null hypothesis (a "false negative"). For this reason, in addition to adjusted R 2 determination, p-value and statistical power were calculated for each MLR. A low p-value (<0.05) and a high statistical power (>0.8) indicate that there is a low probability that these errors were committed in the MLR. Figure 10 shows the inverse relationship between velocity and porosity for the sample set. Although these data show a good correlation (R 2 = 0.663), there are important deviations from this trend, where lower porosity samples have comparably slower than predicted velocities (sample W2-03-solid arrow) and higher porosity samples have relatively higher than predicted velocities (sample W1-02-dashed arrow). Because these samples have the same mineralogy, as presented in Table 2 , and experiments were conducted on dry samples, this is interpreted to reflect a pore topological control on acoustic properties.
RESULTS: P-WAVE VELOCITY AND PORE-SPACE PARAMETERS
Petrographical and 3-D image analysis (Tables 3  and 4) ), and largest coordination number (1.99). Conversely, the sample with the highest total porosity (28.89%), W1-05 (Figure 3) , has the highest permeability (602 md) and slowest velocity (V p = 2.26 km/s [7415 ft/s]). Interestingly, it does not have the highest volume of f CT (10.61%, compared with a maximum of 11.50% in sample W1-02), the largest DomSize (64.92 mm, compared with a maximum of 76.7 mm in sample W1-02), or the lowest SSA (176 mm -1 compared with a minimum of 163 mm -1 in sample W1-02).
Two outlier points are identified in Figure 10 . Sample W2-03 (solid arrow) has a slower than expected velocity (2.64 km/s [8661 ft/s]) for its measured porosity (19.7%). This sample is a poorly sorted onocolitic peloidal skeletal packstone ( Figure  2 ) and the sample with the highest volume of micrite in the data set. Consequently, it has undergone more compaction than other samples, as evidenced by discontinuous, wispy microstylolites. No primary f CT is seen, but small, isolated biomolds are preserved. It has the highest g of all the samples (2.14), but compared with other samples from this well (W2), it has the highest volume of f CT (3.01%), largest DomSize (19.31 mm), and lowest SSA (516 mm -1 ). In contrast, sample W1-02 ( Figure 3) has a faster velocity (2.97 km/s [9744 ft/s]) than would be expected for its porosity (25.7%). This sample is a moderately well-sorted oolitic skeletal grainstone with most grains exhibiting a thin, but continuous, grain-rimming cement and has an excellent permeability (222 md). Compaction is relatively minor and typically manifests as point contacts. The primary macropore network is well preserved and supplemented by vugs. This sample has the highest volume of f CT (11.5%), largest DomSize (76.7 mm), and lowest SSA (163 mm -1 ) of the data set. Therefore, qualitatively, there appears to be a broad relationship between velocity and total porosity and between permeability and porosity. In general, there is a corresponding decrease in f CT and f m , a slight decrease in g and an increase in SSA as velocity increases. As permeability increases, f CT and DomSize also increase, whereas SSA, coordination number, and t decrease (see the Appendix, Figures 14-24 , for the most important crossplots). In addition, a direct relation between DomSize (from x-ray CT) and average pore-throat diameter (from MIP) was observed. Figure 11 shows the pore-throat diameters and their fractions for sample W1-02 and W2-03. Sample W1-02, which is an oolitic grainstone, has a DomSize of 76.7 mm and an average pore-throat diameter of 1.06 mm, compared with W2-03, a cemented grainstone with a DomSize of 19.3 mm and an average pore-throat diameter of 0.51 mm.
Nevertheless, the data set reveals anomalies, which are apparently related to complexities in the pore geometry induced by compaction. Where grainfringing cements completely coat allochems within the well-sorted, clean grainstone, compaction is inhibited and f CT is preserved. Sample W1-02 has the lowest volume of f m (55.2% of the total pore volume) of all samples. In comparison, the most micritic, least well-sorted sample (W2-03) is highly compacted and has a slower velocity than expected for its total measured porosity. Because this sample is not the most microporous sample in the data set (84.7% of total porosity is f m , compared with 96.9% in sample W2-02) and does not have the highest SSA or smallest DomSize, it is difficult to constrain the key control on velocity and permeability. This suggests that there is not a single parameter that controls the measured properties; multiple controls must be operating, and these cannot be fully determined by geological observation alone.
To improve the velocity and permeability estimation, MLR was used to examine the link of velocity or permeability with porosity and 3-D DIA parameters obtained from x-ray tomography. The following steps incorporated 3-D DIA parameters, one at a time, as a linear combination to the estimated property. All arrangements were tested, but only the higher values of adjusted R 2 are shown in Tables 5  and 6 , where the p-value and statistical power are also presented.
On the first regression, six predictors were used to estimate velocity: V pKT , g, DomSize, t, coordination number, and SSA. The AR and total porosity (and its micro and macro fractions) are implicit in this adjustment, because they were input parameters to the KT model. A very strong correlation is observed in this MLR; R 2 improves from 0.490 to 0.962 with the combination of g, DomSize, t, coordination number, and SSA. In addition, an important improvement is observed when only g, a geometrical parameter of the pore space, is incorporated into the statistical model. This strong relationship is illustrated in Figure 12 .
For permeability estimation, all of the global and local parameters were used, except for porosity, which is implied in k K . A very strong correlation is also observed in this MLR; the adjusted R 2 increases from 0.668 to 0.916 by adding only the DomSize to the model, as shown in Figure 13 . By adding g, f m , AR, t, and f CT , a slight improvement in R 2 is observed.
In both cases, the p-value is always below 0.05, and the statistical power, for most of the cases, is greater than 0.8. This parameter is strongly related to the adjusted R
2
, showing values not desirable for R 2 < 0.88.
DISCUSSION
The influence of pore space and its geometry on acoustic properties has been explored by many authors (Rafavich et al., 1984; Anselmetti and Eberli, 1999; Assefa et al., 2003; Saleh and Castagna, 2004; Weger et al., 2009; Lima Neto et al., 2013) . Although these papers consider relationships between simple pore shape, size, and acoustic properties, there is no consensus as to the influence of more complex pore types. Nevertheless, AR is always included in rockphysics models, such as KT and differential effective medium. For the complete formulation, see Mavko et al. (2009) . In our work, the crossplot of velocity against porosity showed significant deviations from the trend line and also a weak correlation; gas porosity explains 66% of the measured velocity (Figure 10 ). Geological observations alone could not explain this behavior, and there is therefore first-order evidence of multiple controls on velocity. The KT model, which is calculated from f m and f CT fractions and their AR, was used for velocity (V pKT ) estimation. Comparison of V pKT with experimental acoustic velocity also shows a poor relationship (R 2 < 0.5). Application of the statistical model that combines V pKT and g, a geometrical parameter redefined in this study for 3-D pores, leads to a strong correlation (R 2 5 0.875).
Further inclusion of DomSize in the MLR showed that more than 90% of the measured velocity is explained by the proposed model. Weger et al. (2009) conducted a multilinear regression to assess the combined impact of multiple pore-shape parameters on V p . They found that by taking consideration of AR and porosity the correlation was poor, with R 2 equal to 0.549 and increasing to 0.639 after inclusion of g (defined in two dimensions), whereas the best R 2 (0.845) used these parameters, f m , and DomSize. This study has improved on this correlation substantially by considering the geometry of the 3-D pore space. The AR of a single pore is determined by the ratio of the minor semiaxis to the major semiaxis and holds 2-D information, because the estimation of AR does not consider the Abbreviations: DomSize = dominant pore size; SSA = specific surface area; g = pore sphericity; t = tortuosity; f = porosity.
third axis of the pore. Our linear regression for porosity and AR against V p therefore resembles that published by Weger et al. (2009) . In this study, however, we included a 3-D geometrical parameter, g (which also describes the elongation of the pore), enhancing our velocity prediction substantially. In addition, our results indicate that true macropore size (DomSize), determined from 3-D data, is an important factor in the determination of acoustic velocity, because it is defined by the equivalent diameter of the pore volume. Consequently, we demonstrate that 3-D geometrical data are critical to the derivation of V p , which is fundamentally related to pore shape and size. Permeability prediction from porosity data in carbonate rocks is still one of the greatest challenges to carbonate petrophysical analysis. Although many clastic reservoirs show a good relationship between total porosity and permeability, such a simple relationship usually fails in carbonate rocks, and a great scattering is observed. Many studies attempt to predict permeability from porosity, SSA, and other parameters, such as sonic data. However, there is not a consensus; estimations of permeability from acoustic data are contradictory. Prasad (2003) , for example, showed a correlation between permeability and Pwave based only on hydraulic units (i.e., porosity and permeability based), whereas Fabricius et al. (2007) showed that it is only possible to estimate permeability from acoustic data if the SSA of the sediment is taken into account.
Our results suggest that effective porosity and DomSize, determined from a 3-D description of the pore network, are the major controls on permeability. This is consistent with the fact that flow mainly follows large pores during fluid transport, assuming that those pores are not connected via narrow pore throats (i.e., there is not a large ratio of pore to pore throat). Although the average pore-throat diameter was not estimated for all samples and, consequently, was not an input parameter in our model, Figure 11 shows strong evidence that, for our study, larger pores (DomSize) have wider pore throats, corroborating established models from literature that correlate pore-throat diameter to permeability. Further analysis of the importance of pore to pore-throat ratio is inhibited by the ability of the software to correctly measure pore-throat diameter, and therefore it is possible that in samples with large DomSize connected by narrow pore throats DomSize would be a less important matching parameter.
Unlike the conclusions of Weger et al. (2009) , f m does not appear to be one of the most important parameters to permeability prediction within our data set. This would be expected, because most of the samples in this study are clean packstones Abbreviations: DomSize = dominant pore size; R 2 = coefficient of determination; SSA = specific surface area; V pKT = estimated P-wave velocity; g = pore sphericity; t = tortuosity.
or grainstones in which f m is hosted almost entirely within grains. Consequently, well-connected macropores dominate flow. This also reflects a subtle difference in terminology permitted by an improvement in the image resolution from 30 (in Weger's study) to 1.125 mm (in this study). For Weger et al. (2009) , f m included all pores that were less than 30 mm in diameter, whereas our study includes pores of 1-30 mm, which we term mesoporosity; we use the term micropores to describe all pores less than 1-mm diameter. Our results are broadly consistent with Weger et al. (2009) because of the following.
• Our data captures a proportion of the f m that Weger et al. (2009) interpreted as controlling permeability.
• The necessarily small sample size (~2 · 2 · 2 mm [0.08 · 0.08 · 0.08 in.]) in our experiments excluded all millimeter-scale vugs that could have influenced the permeability that was measured on core plugs. However, the absence of these large pores in our 3-D pore geometrical data set does not appear to have impacted our calculated permeability.
In conclusion, our data support the results of previous studies that indicate that meso-and macropores (>1 mm) exert an important control on both V p (Eberli et al., 2003; Weger et al., 2009 ) and permeability (Lønøy, 2006; Madonna et al., 2013) . Furthermore, micropore volume and distribution will exert an important influence on hydrocarbon sweep and recovery factor, potentially leading to trapping and bypassing of hydrocarbons (e.g., Hollis et al., 2010; Harland et al., 2015) .
Interestingly, our results suggest that neither coordination number nor t are controlling factors on permeability. This is possibly related to the way that the centerline tree and t path areas are evaluated by the visualization software. The number of nodes, necessary for coordination number estimation, is calculated by pore throats and end points, and it is not possible to determine their fractions. The t is estimated by the path formed by centroids of each plan of a 3-D image. This prediction would improve if it were made from the centerline tree of the pore space instead of 2-D images.
CONCLUSIONS
This study presents a methodology for quantifying the local and global pore-space parameters of carbonate rocks from x-ray tomography images and incorporating their influence on permeability and acoustic properties. This study demonstrated the following.
1. X-ray microtomography is a powerful tool for the investigation and visualization of the internal structure of carbonate rocks, especially those with a grainstone texture. Local and global parameters, Abbreviations: AR = aspect ratio; DomSize = dominant pore size; k k = estimated permeability; R 2 = coefficient of determination; g = pore sphericity; t = tortuosity; f CT = macroporosity; f u = microporosity. Figure 12 . Three-dimensional crossplot between pore sphericity (g), estimated velocity (V pKT ), and measured velocity (V pmeasured ), showing the importance of the pore shape as a controlling factor of acoustic velocity. Adj. R 2 = adjusted coefficient of determination.
extracted from 3-D images, combined with estimated velocity or permeability, both determined from established models, are able to estimate measured velocity with R 2 > 0.96 and permeability with R 2 > 0.94.
2. To confidently derive velocity from the pore-space properties, it is critical to describe two geometrical parameters that most influence it: g and DomSize.
These parameters combined with V pKT explain more than 90% of the measured velocity. Other parameters, such as SSA, have a minor influence but also improve the prediction. In sum, samples with small g and DomSize and high SSA, coordination number, and t present high values of velocity. 3. Porosity proved to be the main controlling factor on permeability, but a description of DomSize from a 3-D image is also fundamental to improve its estimation. The permeability estimated from Kozeny's equations, which is only porosity dependent, combined with DomSize describes more than 91% of the measured permeability; this is an impressive adjustment, because permeability prediction is still one of the greatest challenges in petrophysical analysis. By including f m , f CT , AR, and t in the model, a discrete enhancement was observed for the MLR, reaching R 2 = 0.948.
4. The 3-D characterization of the shape and size of the pores was critical to the improvement of velocity and permeability predictions. A clear understanding of these controlling factors is fundamental to the petroleum industry, because these factors can affect the seismic response and log interpretation, two fundamental tools for reserves prediction and characterization.
APPENDIX: SUPPORT CROSSPLOTS
This appendix presents crossplots between measured properties and global and local parameters. In all cases, cemented grainstones are represented by circles and oolitic grainstones by squares. Figure 13 . Three-dimensional crossplot of the relationship between dominant pore size (DomSize), estimated permeability (k k ), and measured permeability (k measured ). This figure shows the importance of the pore size as a factor controlling permeability. Adj. R 2 = adjusted coefficient of determination. Figure 24. Gas permeability (k measured ) versus microporosity. R 2 = coefficient of determination.
